We present an application of a microelectromechanical systems (MEMS)-based inertial measurement unit (IMU) to thigh angle estimation for the control of a semi-active knee prosthesis. By using inertial based measurement devices, we can move all of our sensors to one location inside the prosthetic leg. These sensors are challenging to use, however, because error in their measurements will accumulate over time. We show that by applying the Kalman filter to an IMU consisting of a dual-axis accelerometer and a singleaxis gyroscope, we can decrease the integral of squared error of our thigh angle estimates by 70%.
Introduction
The field of prosthetics is significant, because prostheses can allow amputees to perform many of the tasks that nonamputees can. However, the use of traditional leg prostheses for above knee amputees can cause accumulative, degenerative effects, such as stump tissue damage [1] , back pain, joint cartilage damage, and osteoarthritis [2] . Traditional leg prostheses are passive, and so the wearer must supply abnormal forces and torques to walk. We can attribute the degenerative effects to joint pressures caused by these abnormal forces [1] . Thus, it would be useful to have active prostheses, which can generate forces to restore normal gait in patients, but the necessary motors and power supplies usually make fully active prostheses infeasible. However, semi-active prostheses can perform better than passive prostheses without requiring massive active components, and by intelligently storing and releasing energy [3] . These attractive properties motivate our work on the control of semi-active knee prostheses.
Because the failure of a prosthesis may cause significant harm to its user by causing him to fall, the control systems in active or semi-active prostheses must be robust. In previous work, we have developed an artificial neural network (ANN) based closed-loop control for the knee * Corresponding author joint actuator of a semi-active, above-knee prosthesis [4] . Closed-loop control is more robust than open-loop control, because the use of feedback in closed-loop control reduces the control system's sensitivity to disturbances and random variations in system parameters [5] .
We determined that during the stance phase of gait for the prosthesis, the thigh angle of the prosthetic leg strongly depends on the operation of the knee. However, during swing phase, the user's thigh angle does not depend on the action of the prosthesis. Instead, the state of the prosthesis depends on the thigh angle, which the user fully controls. [4] . For example, during stance phase, if the knee joint of the prosthesis does not produce torque while the user puts his weight on it, the knee will quickly bend. The user will then begin to fall and must adjust his thigh angle abnormally to keep his torso upright. It is undesirable for a prosthetic leg to require its user to adjust his thigh angle abnormally.
We have chosen to use thigh angle as a control input for our stance phase ANN but not for our swing phase ANN because the thigh angle is partially determined by the knee parameters during stance phase, and because we use one ANN for swing phase control and another, separate ANN for stance phase control. Finally, because we want to use the thigh angle for closed-loop control, we must be able to sense it; this need for a thigh angle sensor is what has motivated our work on this subject.
The use of thigh angle as an input in our closed-loop control presents a problem in the physical implementation of our prosthesis, because conventional angle sensors based on rotary encoders or hall-effect sensors need to be located close to the axis or point of rotation. This is not a possibility for our application, because it would mean that the user of the prosthesis must wear an external thigh angle sensor. The most preferable angle sensor would be located somewhere within the prosthesis so that it would not be invasive to the wearer.
We propose the use of a MEMS based IMU as an alternative to traditional angle sensors. IMUs have seen extensive use in navigation applications [6] , but have only recently found applications in prosthetics [7] . When we refer to an IMU, we imply a device with one or more accelerometers and one or more gyroscopes. This is because IMUs are much more expensive than traditional angle sensors, and location constraints usually do not prohibit the use of traditional sensors.
There have been several publications about the application of IMUs to joint angle sensing, but few in the context of prosthetics. In [8] , an IMU based knee angle sensor composed of two dual-axis accelerometers and two singleaxis gyroscopes was presented. Geometric methods were used to extract knee angle data from the sensors. Also, in [9] , one dual-axis accelerometer and a single-axis gyroscope were used to sense knee angle. The knee angle was computed by integrating gyroscope data and the accelerometer was used to calibrate the gyroscope under static conditions. The Kalman filter has also been used to compute the inclination of various body parts, using three single-axis gyroscopes and three single-axis accelerometers arranged in a box [10] .
The small size and simplicity of use of MEMS-based IMUs make them suitable for our application; however, IMUs alone provide poor attitude estimates. Simply integrating the angular rate information from an IMU will produce a signal that drifts, as a gyroscope signal will often not be zero-mean. The direction of the gravity vector measured by an accelerometer also provides angle information and accelerometer signals are mostly zero mean, but accelerometers are subject to many different forces, so they alone are not suitable for extracting angle data.
In Section 2, we briefly discuss our prosthetic knee system. In Section 3, we introduce the Kalman filter as a technique for providing a useful angle estimate using an IMU, and we describe the linear system model that we use with the Kalman filter. In Section 4, we discuss our experiments and results, and we conclude in Section 5.
Prosthetic Knee System
The above-knee prosthesis model that we discuss in this paper was presented in previous work [4] . Because this research is concerned with the application of IMUs to the sensing of thigh angle in our prosthetic system, we will include only the relevant details in this paper.
We take the usual approach to gait modeling, in that the swing phase is modeled as a double pendulum, and the stance phase is modeled as an inverted double pendulum [4] . In order to illustrate the applicability of the double pendulum and inverted double pendulum models of the gait phases, we include plots of the joint coordinates of our reference data sampled at 0.01 s intervals in Figure 1 .
The dynamic equations that describe our model were generated using a software package called AutoLev™, and are presented in the appendix of [4] . The diagram in Figure 2 shows each system variable that we will discuss. In the stance phase plot, the ankle is fixed at coordinates (0, 0), and in the swing phase plot, the hip is fixed at coordinates (0, 0).
The Kalman Filter
The Kalman filter is a recursive, adaptive linear filter that was developed by Rudolph Kalman and first published in 1960 [11] . Because of this filter's attractive properties, such as its optimality and ease of use, it has found applications in a broad range of fields such as analytical chemistry [12] and ecology [13] . The objective of the Kalman filter is to estimate the state of a linear system, described by the equations
(1)
where x k is the current state of the system, y k is a measurement from the system taken at the present, and v k is the noise of this measurement. x k−1 , u k−1 , and w k−1 , are the system state, the system input, and the process noise of the system at the previous time step respectively. F k−1 and G k−1 are the state transition and input matrices, which relate the previous state and input values to the new state value. Finally, H k is the measurement matrix, which relates the current state to the current system measurement [14] . The noise variables, w k and v k are assumed to be white, uncorrelated, and to have means of zero. Assuming that they are also Gaussian, these variables are completely described by their covariance matrices, Q k and R k respectively. The Kalman filter produces an optimal state estimate by recursively updating the system state and the estimation error covariance, P k . This estimation error covariance allows us to calculate the Kalman gain, K k , which is used to further update the state estimate, using the measurement y k . Finally, the P k estimate is again updated using K k [14] .
The linear system model used for our implementation of the Kalman filter was inspired by the work of Trammell Hudson, in which he applies the Kalman filter to attitude estimation for an unmanned robotic helicopter in a C program [15] . After some ad hoc experimentation, we have Figure 2 . Diagram of the prosthesis in the sagittal plane, showing the relevant variables used in our models. φ 1 is the thigh angle, φ k is the knee angle, andφ 1 is an estimate of the thigh angle. a x and a y are the axes along which the IMU measures acceleration and g is acceleration due to gravity. Finally, ω is the angular velocity measurement made by the IMU, and φ a and φ ω are estimates of the thigh angle produced by acceleration and angular velocity measurements respectively. developed a scalar Kalman filter model that performs better than the Kalman filter in [15] for our application. After substituting the state, measurement, and input variables into (1), we get
where φ 1 k−1 and φ 1 k are the previous and new thigh angle estimates, ω k−1 is the previous angular rate input, and a x k and a y k are acceleration measurements from a two-axis accelerometer whose axes span the sagittal plane. We make the assumption that the only acceleration measured by the accelerometer is from gravity, which allows us to easily compute the angle of the accelerometer with respect to the gravity vector, which is equivalent to φ 1 . By defining y k as the inverse tangent of the quotient of a x and a y instead of a vector containing a x and a y , we avoid introducing the nonlinear inverse tangent function into our model, and so we are able to use the standard Kalman filter and the linear system model given in (1). The a priori information given to the filter for its first iteration is φ 1 k = 0°, and P k = 1. We generally cannot know what φ 1 is when we begin applying the Kalman filter, but since the range of φ 1 is [-90°, 90°], an initial estimate of zero will have an error less than 90°. Also, by setting P k = 1, we are telling the filter that our initial state estimate may be erroneous. This will cause the filter to converge to steady state more quickly than if we use smaller initial values for P k .
IMU Experiments
We performed the following experiment to test the efficacy of our IMU based angle sensor. For an initial proof of concept test, we collected raw acceleration and angular velocity data from the built-in accelerometer and gyroscope in the iPhone 4® with a data acquisition application, while simultaneously collecting reference angle data from a potentiometer-based thigh angle sensor; the sampling rate for both sensors was 100 Hz. Data from both sensors was collected for a 19 second interval, in which the subject made ten strides. Figure 3 shows the reference thigh angle measurement taken with the potentiometer, as well as the estimates produced by Euler integration of the angular rate data, and the Kalman filter. Figure 3 . Plots of thigh angle estimates produced by angular rate data from a gyroscope (unfiltered), voltage data from a potentiometer (reference), and our Kalman filter.
The subject made a 90°pivot after five strides in order to take five more strides in a different direction. This pivot introduced a disturbance into the angular rate signal, which, when integrated, caused a bias to be introduced into the resulting angle estimate. The angle estimate from the Kalman filter did not exhibit this bias after the pivot, which is a desirable feature. A good indicator of the relative performance of the Kalman filter angle estimate is its error with respect to the reference angle. Figure 4 shows the absolute value of error of the thigh angle estimates for the 19 second experiment.
Visual inspection of Figure 4 shows the accumulation of angle error due to drift in the unfiltered data. It also shows that the Kalman filter error does not exhibit this drift, and that it is relatively consistent from one gait cycle to the next. The Kalman filter error may be larger than the integrated angular rate error for the first few gait cycles, but it soon becomes relatively small compared to the unfiltered data after the subject pivots.
The integral of squared error (ISE) of the φ 1 estimate from the Euler integration of gyroscope data is 10,882 degree-seconds, and the ISE of the φ 1 estimate produced by the Kalman filter is 3180 degree-seconds. Thus, in our case, the use of the Kalman filter to improve our angle estimation results in a 70.8% decrease in thigh angle ISE. This percent change suggests that the Kalman filter causes a significant improvement.
Subsequently, we have collected three sets of IMU data, taken under different conditions, using discrete MEMS accelerometers and gyroscopes. The same potentiometer based thigh angle sensor that was used in the previous experiment was used in these tests as well. Figure 5 shows a photo of the equipment worn on the right leg of the subject. Figure 5 . A photo depicting the locations of the sensors used in the experiment performed with monolithic sensors. The assembly made of brass and wood is used to mount the potentiometer at the hip so that it can measure thigh angle. A data aquisition board placed below the potentiometer is used to collect sensor data and transmit it to a laptop that is held by the subject. A breadboard with the gyroscope and accelerometer is shown mounted directly above the knee.
We have chosen to collect this data using discrete devices instead of the sensors inside of a smartphone because only discrete sensors are feasible for our application and we must make sure that the discrete sensors work with the filter. It is important to test the thigh angle output of the filter under all of the conditions in which it will be used, because this output will be fed into the closed loop controller of a prosthesis. If the prosthesis controller receives erroneous feedback data, it may cause its wearer to stumble.
For the first data set, we collected 45 seconds of walking data, and then the subject sits down. The reference thigh angle and the thigh angle computed with the Kalman filter are shown in Figure 6 . Figure 6 . Thigh angle estimate and potentiometer based reference thigh angle for the walking and sitting data set.
The φ 1 estimate produced by the Kalman filter tracks the reference data very well, except when the user sits. While sitting, the thigh angle estimate has an error of about 10°, which is still fairly low compared to the errors that can accumulate in the thigh angle data produced by integrated gyroscope data. The ISE of this thigh angle estimate data is 5182 degree-seconds.
The subject repeatedly sat down and stood up for the second data set. Figure 7 shows plots of the reference thigh angle and the output of the Kalman filter for this data. Figure 7 . Thigh angle estimate and potentiometer based reference thigh angle for the data set where the subject repeatedly sits and stands.
The thigh angle output of the Kalman filter tracks the baseline of the reference data well and the angle increases and decreases as the user sits just as the reference data does, however, the thigh angle data peaks at a lower value than the reference data. The error in the peaks where the subject sits can be as high as 50°. The ISE value of the thigh angle produced by the Kalman filter for this data is 28630 degreeseconds. We suspect that the reference data is mostly correct because the thigh angle should come close to 90°when the user sits, and the reference data agrees with this; however, the spiky features in the peaks of the reference data are probably erroneous and did not occur in the real thigh.
Therefore the error in the thigh angle may not be as great as we have measured, but it is still significant.
For the final data set, the subject makes several different kinds of motions. For the first 18 seconds, the subject jogs in place, then jumps several times, then walks to a flight of stairs, and at about 67 seconds he starts climbing them. The data from this set is plotted in Figure 8 . Most of the error in the Kalman filter estimate of φ 1 for this this data set occurs when the subject jumps; however, some occurs when the subject climbs stairs at the end of the test. The worst case error is about 15°, and the ISE for this data is 7872 degree-seconds. Again, this is much lower than the error that would accumulate in the thigh angle from unfiltered integrated gyroscope data after several seconds of walking. Under all of the motions that we have tested, except for sitting, the thigh angle estimate stays accurate.
Conclusion
We have shown that the Kalman filter can be used to generate an accurate thigh angle estimate that does not drift using the measurements of an IMU. Our work is novel because it is one of the first uses of a Kalman filter to compute thigh angle estimates from IMU data for feedback control of a prosthetic leg. We also show that a simple, scalar Kalman filter can effectively estimate thigh angle.
In [16] , the author mentions that the Kalman filter is very useful for producing a joint angle signal for upper body joints, but the Kalman filter can be less effective for lower body joints, because these limbs can move faster than upper body limbs and are subject to large accelerations upon heel-strike. These large accelerations may have contributed to the error of our thigh angle estimates. In our experiments, the Kalman filter does not respond well when the subject sits. There may also be other situations where the Kalman filtered thigh angle is not accurate.
The materials and techniques used to mount our sensors, as shown in Figure 5 , were poor, so our results may have a significant amount of systematic error. Further, our Kalman filter may be suffering from mismodeling errors, because the bulk of the Kalman filter error occurs in the second half of each gait cycle, while this is not true for the integrated angular rate error. We suspect mismodeling may be the cause of this problem in the Kalman filter because our assumption that the accelerometer only measures gravity is generally false.
Future work will include running a performance test on the simulation software used in [4] . In this test, we plan to model the thigh angle estimation error from our experiments as noise and inject this noise into the simulation. This experiment will allow us to conclude whether or not this IMU based thigh angle sensor will be suitable for our prosthetic system application. Other future work may include a detailed comparison between different IMU based joint measurement techniques. Also, it may be beneficial to develop a more detailed Kalman filter model. We have found that our scalar Kalman filter model works as well as the models featuring two state variables that we have tested, but there may be other models that are better.
